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Abstract 
While there are many examples of Intelligent Transport System deployments in Poland, more attention should be paid to traffic 
incident management and detection on dual-carriageways and urban street networks. One of the aims of CIVITAS DYN@MO, 
a European Union funded project, is to use TRISTAR (an Urban Transport Management System) detection modules to detect 
incidents at junctions equipped with traffic signals. First part of paper provides an overview of urban incident detection methods 
and algorithms. Second part of paper describes how the TRISTAR system infrastructure and software are currently used for 
detecting incidents on urban artery sections (with higher speed limit). Because the need to detect incidents on other arteries was 
identified, research were undertaken that will lead to the development of algorithms for the detection of incidents on the streets 
equipped with traffic signals. The initial results of simulation studies (using VISSIM software) are presented in the third part of the 
paper. Their objective was to initially select parameters for detecting incidents at junctions equipped with traffic signals. Further 
research will look at a fusion of variables and possible other variables that may develop the algorithms.  
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1. Introduction 
The consequences of traffic accidents caused by driver error or imperfect infrastructure and technology may be 
severe and end in death if medical help is not provided quickly enough. Thanks to a fast response of emergency 
services, the probability of survival and reducing the long-term effects of injuries increases significantly. According 
to the principle of the “Golden hour” (confirmed by research carried out e.g. in the STORM project) the lives of  
20–40% of seriously injured victims can be saved if they receive hospital treatment within 60 minutes of the accident. 
The probability of survival is greater, if first aid is provided at the scene before the victim is taken to hospital (during 
the “Golden ten minutes”). Based on the results of European research, it is estimated that transport telematics can 
reduce the response time and the intervention of emergency services by up to 30% and the use of emergency calls 
automatically generated by the systems used in vehicles increases the probability of survival of accident victims by 
15% (ERTICO, 1997), (McDonald, 2006). Another reason for introducing solutions to improve transport management 
by automating operations are the results, showing that incidents occurring in traffic (it is estimated that approximately 
10% of the incidents on dual carriageways are random accidents) are the main cause of congestion. It has been 
estimated that 50–60% of loss of time on arteries and dual carriageways, running in urban areas is the result of 
incidents (FHWA, 2000), (Lindley, 1987), (Schrank, 2002). A similar situation occurs on other urban roads (there are 
about 2,000 accidents and collisions per year in Gdynia and a lot of incidents associated with vehicle failure). There 
are two types of congestion. First, it is repetitive congestion in a given location and a given time of day, caused by 
oversaturation due to an increased traffic stream (e.g. during transport peaks). Such congestion can be predicted by 
observation or through use of traffic models. The second type is random congestion as a result of a random incident, 
such as a road accident, resulting in an unexpected limitation of capacity. Because this type of congestion is 
unpredictable and unexpected for drivers, it contributes to the increased risk of secondary accidents, and unusual and 
dangerous behavior of road users. In order to reduce the adverse impact of random congestion on the functioning of 
transport it is necessary to implement well-functioning systems of detection, monitoring and information (traffic 
management) and efficient systems for emergency and roadside assistance, to help clear the consequences of incidents, 
including accidents. This is possible thanks to the means and methods of ITS (Intelligent Transportation Systems) 
implemented in Gdynia within the TRISTAR system. TRISTAR deployment is now under way and covers the basic 
layout of the Tri-City street network with about 150 junctions and pedestrian crossings equipped with traffic signals, 
communication infrastructure (including fiber optic cable), installation of 60 video surveillance cameras – closed-
-circuit television (CCTV), 60 vehicle identification cameras – automatic number plate recognition (ANPR), about 
70 variable message signs at public transport stops, more than 20 variable message signs for drivers and equipment 
for nearly 700 public transport vehicles including position transmitters and on-board computers (Oskarbski, 2011).  
Urban arteries are affected by delays when a traffic incident occurs. Nowadays, almost everyone has a mobile 
phone, therefore emergency services are usually notified instantly by participants or witnesses of accidents. However, 
many unreported incidents occur such as collisions, illegal stopping on the road, driving the wrong way etc. While 
they are less important from the point of view of safety, they are essential for the proper functioning of the street 
network. To ensure that traffic incidents are cleared and normal traffic restored quickly, incident location must be 
detected as soon as possible. Because the rate of detection depends on the particular method used, only the most 
efficient methods should be used. These include reports by witnesses calling rescue services on a mobile phone, 
information from CCTV cameras, incident detection using detection systems (generally using inductive loops or video 
processing techniques), incident detection using monitoring systems in vehicles (e.g. eCall) or traffic incident 
detection by specialized patrols supervising individual sections of the road (generally on dual carriageways). 
A combination of several methods is also possible which ensures greater reliability of the system. In order to detect 
as many incidents as possible, automatic detection must be used. With the development of traffic management systems 
in urban areas, incidents can be detected using other detection systems (e.g. traffic control, automatic traffic counting). 
Currently, the Tri-City (Gdańsk, Sopot, Gdynia) is in the final stage of implementing its integrated traffic management 
system, TRISTAR. The system is equipped with many detection systems, which are the source of data useful for 
incident occurrence estimation. Second part of paper describes how the TRISTAR system infrastructure and software 
are currently used for detecting incidents on urban artery sections (with higher speed limit).  
Because the need to detect incidents on other arteries was identified, research were undertaken that will lead to the 
development of algorithms for the detection of incidents on the streets equipped with traffic signals. The initial results 
of simulation studies (using VISSIM software) are presented in the third part of the paper. The main objective of the 
research was preliminary analysis of the variability of parameters characterizing the traffic at intersections. 
3468   Jacek Oskarbski et al. /  Transportation Research Procedia  14 ( 2016 )  3466 – 3475 
2. Arterial incident detection methods and algorithms on arterial streets – state of the art 
The first incident detection systems appeared on American roads in the second half of the last century. While there 
are many examples of Intelligent Transport System deployments in Poland, more attention should be paid to traffic 
incident management and detection on rural roads and urban street networks. In Poland incident detection relies 
primarily on inductive loop detectors and video image processors. New technologies, however, are introducing many 
new types of other traffic sensors. A large number of detection systems have been implemented to monitor traffic 
parameters, including magnetic, ultrasonic, microwave radars, laser radars, passive infrared, passive acoustic array 
sensors and ultrasonic sensors as well as combinations of sensor technologies. Traffic incident detection methods can 
be divided into non-automatic, i.e. using witness reports to traffic management services via a mobile phone (in case 
of an accident), information from CCTV cameras (very helpful when verifying incidents; there is research on 
automatic congestion detection using surveillance cameras, but existing systems could not demonstrate acceptable 
results for a practical deployment for other scenarios in urban environments (Buch, 2011)) or by specialized road 
patrols. Automatic methods are based on incident detection through detection systems as mentioned above, monitoring 
systems in vehicles (e.g. eCall) and probe vehicles. It is also possible to combine several methods, integrated at the 
software level. If combined with mobile technology, the solution improves the reliability of incident detection. The 
time to detect incidents also depends on the number of specialized patrols, monitoring the road and the speed of their 
response (Ozbay, 1999).  
Unlike the decades-old research and practice of incident detection on motorways and express roads, urban incident 
detection at signalized junctions (or between them) is a fairly new idea but has attracted the interest of researchers for 
several years. In comparison to traffic on dual carriageways, traffic on arterial streets features a greater dynamic and 
is subject to greater disruptions due to the influence of traffic signal control, pedestrian crossings (legal or illegal), 
parking maneuvers, public transport vehicle stops, recurrent or non-recurrent queues at junctions or street sections, 
side-accesses, traffic signal malfunction, road works, illegal stopping, events, blocking back at junctions etc. Due to 
the above factors, the algorithms used on dual carriageways are usually unsuccessful in urban conditions and more 
complicated. Below are previous proposals of incident detection algorithms for urban arteries. Within TRISTAR 
system, traffic parameters are measured mainly with the use of inductive loops. That is the reason why review of the 
literature aimed at the identification and analysis of methods that use primarily inductive loops for detecting incidents. 
Pattern Matching Algorithms are designed to track variations of traffic parameters and identify corresponding 
traffic patterns in order to distinguish incident from non-incident traffic conditions. Thancanamootoo and Bell 
(Thancanamootoo, 1988) developed a pattern recognition algorithm in which a time-series technique was used to 
detect an incident through monitoring variations of volume and occupancy at detectors upstream and downstream of 
the incident. Field results and simulations showed that the position of an incident in relation to detector location 
influences the performance of the algorithm. The performance was also affected by difficulty in distinguishing 
congestion caused by the incident and recurrent congestion. Han and May (Han, 1989) developed a detection 
algorithm based on traffic flow theory to detect lane blockage, approach blockage or arterial blockage, which includes 
system problems (e.g. detector or signal malfunctions). Rau and Tarko (Rau, 2000) developed a congestion-oriented 
model with use of historical and real-time data (detector traffic measures, probe travel times and traffic signal 
parameters). The algorithm includes a congestion detection module, capacity estimation module and incident detection 
module. 
Kalman Filtering Algorithms adjust the projected state of the system to account for the observed values of various 
system parameters at each time interval using the state-space model for dynamic and random processes. Lee and 
Taylor (Lee, 1999) used a modified discrete linear Kalman filtering algorithm to filter and update aggregate traffic 
flow and speed to estimate true values and compare them with measured traffic parameters to detect an incident when 
a distinct difference is identified.  
Discriminant Analysis Algorithms were developed by Sethi, Bhandari, Koppelman and Schofer (Sethi, 1999) to 
detect arterial incidents using fixed detector and probe vehicle data independently. The fixed detector and probe 
vehicle algorithms take into account flow disturbances during incident – an increase in occupancy and an increase in 
travel time as well as a reduction in volume, upstream on the same link and on the adjacent link. 
Modular Neural Algorithm was developed by Khan and Ritchie (Khan, 1998) to detect lane-blocking incidents, 
special on-street events, and detector malfunctioning. Simulated and field data were used to test the modular neural 
network-based algorithm, and compared it to a single MLF model, Bayesian algorithm and discriminant analysis 
algorithm. They obtained the best results using a modular neural algorithm. 
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Fuzzy Logic Algorithm to detect incidents on a signalized diamond interchange, controlled by a traffic adaptive 
control system was developed by Lee, Krammes and Yen (Lee, 1998) The algorithm includes four modules: normality 
inference module; incident location inference module; incident severity assessment module; and incident termination 
inference module. The algorithm was supplied with input values of lane-by-lane volumes, queue length, occupancy, 
and speed derived from the video system. The normality inference module is designed to check queue length on each 
approach for changes that may indicate the possibility of incident occurrence. Then the algorithm starts up the incident 
location inference module to conduct an extended test on queue length, occupancy and speed on all approaches of the 
interchange to confirm the occurrence of incident by the normality inference module and find its location. Finally, the 
incident severity assessment module determines the severity of the incident through more detailed examination of 
selected traffic parameters. All modules are operated based on fuzzy logic. 
Modified sequential probability ratio tests algorithm (MSRPT) (Sheu, 1998) includes three sequential procedures: 
symptom identification as a logical knowledge-based rule for identification of incident symptoms, signal processing 
used for raw traffic data (volume and occupancy) and real-time prediction of incident-related lane traffic parameters 
and finally pattern recognition conducting a decision-making process for incident recognition. The pattern recognition 
procedure uses the estimated lane changing fractions and queue lengths as inputs. 
Paper (Zhang, 2005) presents a new automated incident detection framework for both freeways and urban arterial 
roads. A common modular architecture includes the arterial road algorithm (TSC_ar). Bayesian networks were 
constructed to store general expert traffic knowledge and perform universal incident detection. The TSC_ar algorithm 
was tested using simulation data. It was found that both detection rate (DR) and false alarm rate (FAR) are not sensitive 
to incident decision thresholds. When the decision threshold was above the certain level, DR and FAR reached a very 
stable region. 
A vision-activated accident detection system for automatically detecting, recording, and reporting traffic accidents 
at junctions with use of tracking algorithm was presented in (Ki, 2007). The most difficult problem associated with 
vehicle tracking is the occlusion effect among vehicles. In order to solve this problem an algorithm, referred to as 
spatio-temporal Markov random field (MRF), for traffic images at junctions and then an extendable robust event 
recognition system based on the hidden Markov model (HMM) were developed (Kamijo, 2000). It appears that the 
video image processing methods of vehicle tracking can be used to detect incidents at junctions but require to be 
developed. 
A response to the problem of incident detection in urban networks with use of INGRID (integrated incident 
detection) – a computer programme for the automatic detection of traffic incidents in urban areas with traffic signals 
systems controlled by the urban adaptive traffic control system SCOOT was described in (Ash, 1997), (Sharma, 2014). 
There are two algorithms which are used to detect incidents. The first examines current traffic data for sudden changes 
in flow and occupancy. For all SCOOT detectors in the network a daily profile of the expected flow and occupancy 
in each 15 minute period is stored and automatically updated in the ASTRID database. The algorithm detect incidents 
by comparing the current traffic situation with that expected from the historic reference data in ASTRID. The 
algorithms use standard deviations and mean values to determine a confidence level against which to assess the current 
data. An incident is indicated during decrease in occupancy and flow at the downstream detector and increase in 
occupancy and a decrease in flow at the upstream detector (flow and occupancy data for each traffic signal cycle is 
taken into consideration). 
MOTION Incident Detection (MID) was also tested within traffic control system (Kruse, 2000). The idea of the 
MOTION Incident Detection was to adapt algorithms to the existing infrastructure and not to define a new 
infrastructure which has to be installed for the algorithms. Furthermore, these algorithms should not only work with 
data from inductive loops but should be used when there are passive infrared detectors or other detectors with different 
technologies. The algorithms of the MOTION Incident Detection use measured or derived from measured data: traffic 
volume, occupancy rate, degree of saturation. Distinction between ”incident” and ”congestion” is done by comparing 
the traffic data at neighbouring measurement points. 
Incident detection for arterial streets also includes models developed on the data fusion concept (e.g. methodologies 
using neural networks, Bayesian discrimination and multiple attribute decision-making as well as integrating fixed 
detector, probe vehicle, and anecdotal report data). It should be emphasized that most of the algorithms mentioned 
above require a dedicated detector configuration. In the case of detection of incidents on urban arterial traffic, signal 
parameters must be included in the algorithm to take into account the impact of signals on the traffic parameters and 
distribution. Signal timing plans are an important factor influencing the time to detect junction incidents (Sheu, 1998). 
Most of urban algorithms were developed to detect incidents on arterial links, only few of them were designed to 
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detect incidents on junctions. The majority of traffic accidents occur at or near junctions, where the resulting loss is 
the most serious. Their impacts can be catastrophic and trigger gridlock on the local scope of a traffic network (Zhang, 
2004). 
3. Incident detection in the Tristar system 
A pilot implementation of the first element of the Traffic Incident Detection Module is now under way, part of 
TRISTAR. The pilot project enables automatic detection of traffic incidents on a few selected street sections in the 
Tri-City (a dual carriageway with 2 lanes in each direction, Polish class of street – GP), e.g. on Gdynia’s Kwiatkowski 
Route. Two components are essentially required for automatic incident detection: a module for collecting traffic 
information and a module for processing. Traffic parameter data such as vehicle speed, detector occupancy, traffic 
volumes and other information such as weather conditions, are collected in TRISTAR’s data warehouses by detectors 
installed in the road. In addition, data might be collected by devices mounted directly in vehicles. The purpose of the 
data processing module is to detect incidents based on the information provided. The main element of the data 
processing module are algorithms that analyze all available data to detect and classify incidents. The first module uses 
data from Bluetooth and Wi-Fi scanners that detect Bluetooth or Wi-Fi devices (mobile phones, smartphones, tablets, 
computers and in-vehicle devices to support hands-free systems – e.g. in-car speaker phones). Scanners collect data 
and transmit them approx. every 7 seconds to the Traffic Management Centre database. The maximum range to detect 
signals from a Bluetooth device is 150 m and 50 m for a Wi-Fi device. The scanner is able to detect up to 500 devices 
per minute, where the owner or the vehicle move at least 5 km/h for up to 12 traffic lanes (6 in each direction). Data 
transmission to the Traffic Management Centre takes place via a direct fiber connection and GSM connectivity. The 
data collected by each pair of scanners (located at the beginning and end of the road section) are used to calculate 
travel times on defined distances between scanners, detect incidents, patterns of selected traffic parameters for 
different periods of day (peak hours, evening hours etc.) and different days (weekday, holidays etc.) (Qumak S.A, 
2014). The computing reliability depends on the relation between the number of detected devices with respect to the 
number of vehicles traveling on the section (traffic volume) covered by incident detection. This important element is 
called the penetration ratio. Depending on the study, the site ratio ranges from 30% to 60% (e. g. Panama City – 40% 
Buenos Aires – 35%, Spain – 60%) (Qumak S.A, 2014). Our penetration rate amounted to approx. 30% in a pilot 
implementation of the scanners on the test section. An algorithm based on Kalman filter is used to verify the data 
transmitted from the network of scanners (Barcelo, 2013). An important mechanism is aggregation of devices detected 
in a moving vehicle. An example is a travelling bus or car with several people, when the algorithm verifies the time 
of detection of the same group of devices at the beginning and end of the section and recognizes that one vehicle 
passed the section. The incident detection method based on the BthWiFi scanners should consider the specificity of 
the particular transport mode and how it moves. For this purpose a classification of devices has been developed. 
Objects were divided into vehicles, cyclists and pedestrians. This is based on the assumption that vehicle travel time 
is significantly shorter than the movement of cyclists and pedestrians in uncongested traffic conditions. The second 
level of the division of devices is based on differences in their functionality (including e.g. navigation, in-car speaker 
phones, mobile phones), assigned to a vehicle or person. Information about the type of Bluetooth device is available 
based on the MAC address of the device. Pedestrians are defined by restricting the speed of motion at 5 km/h and are 
not taken into account to calculate the travel time between scanners. The exception to this rule are devices identified 
as on-board equipment in vehicles moving at a speed of not more than 5 km/h. 
 
 
Fig. 1. Example of incident detection in Traffic Incident Detection Module of TRISTAR system. 
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Fig. 1 presents data from the BitCarrier System used in TRISTAR’s Traffic Incident Detection Module. The figure 
on the left shows the day of the detected disorder (accident). The accident occurred at 14:35. The black line indicates 
the average speed between the two measuring points on Kwiatkowski Route. The right-hand figure shows a normal 
day of the week for the same road section. The upper limit of the hatched area shows the number of detected devices 
in a given hour. The other line shows historical reference values of speed. The top figure indicates the period at which 
the incident was detected. The accident was recorded by TRISTAR system operators at the same time.  
The incidence detection algorithm checks the changes in travel time between measuring points every minute. 
Because critical thresholds have been defined, if the trend continues, a notification is sent to the system operator with 
proposed information to be displayed on Variable Message Signs. The operator can accept the default settings or 
modify them based on the information acquired from other sources in order to make the message for drivers more 
detailed. 
The accuracy of the algorithms for checking and calculating travel time must be verified to get the message at the 
right time. This is because of the different section characteristics for which no specific settings can be defined, such 
as detection thresholds. After a successful calibration, this type of module should work at the right time without 
alerting operators unnecessarily or not alerting them at all. 
The method using BthWiFi scanners and an algorithm based on Kalman filter can detect traffic disturbances if 
there are substantial differences in the time of passage of vehicles compared to normal traffic conditions. On longer 
road sections, however, the method does not guarantee quick incident detection (the time to detect is about  
3–15 minutes depending on traffic volume and incident location). In order to evaluate the usefulness of the method 
for the detection of incidents and determine the criteria for its application, it is necessary to conduct further 
investigations. 
4. Microscopic simulation of incident detection at junctions 
Because the need to detect incidents on other arteries (not only on dual carriageway streets with higher speed limit) 
was identified, research were undertaken that will lead to the development of algorithms for the detection of incidents 
on the streets equipped with traffic signals. A method and results of a preliminary analysis of detector data designed 
to establish relations between selected variables and the occurrence of an incident at the junction are presented below. 
The data were collected during traffic simulation on a modelled junction developed with incident simulation tools: 
PTV Vissim software and SymSter application (Sobun, 2014). SymSter software was developed in Visual Basic in 
Microsoft Visual Basic Studio 2010 environment using the COM interface that is provided by PTV with the VISSIM 
software. The software was developed in order to simplify the process of performing multiple simulations with 
different parameters, collection and processing of detector data and to simulate traffic incidents on the model of 
a junction. During the simulation in the VISSIM model, commands to change signal may be ordered by SymSter. By 
changing the signal to red, vehicles stop for a signal group before the virtual line stops (presented in Fig. 2(a) in areas 
of possible incidents) which simulates a traffic incident. A sample junction model with detectors and areas of possible 
incident location are presented in Fig. 2(a). Simulations assume a variety of junction traffic volumes and different 
locations of the incident. Fig. 2(b) shows examples of incident locations and the possible influence on changes in 
vehicle movement. During the simulations each detector produced the following information: occupancy, occupancy 
time length and time of detector excitation. Occupancy time data were collected every second of the simulation and 
saved to a file. In contrast, the presence of the excitation data was taken at every step of the simulation, that is, every 
0.1 seconds. On the basis of the data the following parameters were calculated (Sobun, 2014): 
During the simulations each detector produced the following information: occupancy, occupancy time length and 
time of detector excitation. Occupancy time data were collected every second of the simulation and saved to a file. In 
contrast, the presence of the excitation data was taken at every step of the simulation, that is, every 0.1 seconds. On 
the basis of the data the following parameters were calculated (Sobun, 2014): 
x The number of vehicles entering the junction – the detected vehicle was counted in the leaving sections of the 
detector at the front of stop lines, so only those vehicles were counted that entered the junction. The number of 
vehicles that entered the junction was collected every second. 
x The number of vehicles leaving the junction – vehicles were counted at all outlets of the junction. Counting was 
done with a time-shift compared to the previous variable and signal cycle. Counting began and ended two seconds 
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after the start of a new signal cycle to take into account the vehicles that entered the junction in the last seconds of 
the green signal transmission. 
x Average occupancy per second – information about the presence of a vehicle on the detector was collected in each 
step in the simulation: 0 when there was no vehicle; 1, when the vehicle was present. The average value of the last 
ten simulation steps was collected every second. 
x The number of vehicles at the junction – the number of vehicles located in each second in the area of the junction 
i.e. between the entrance and exit detectors. 
x Average time at the junction – the average time spent at the junction by vehicles in every second of the simulation. 
   
Fig. 2. (a) Example of junction modelled with Vissim software (b) Example of incident location and affected vehicle movement paths. 
After the simulations for different scenarios of traffic intensity and incident location, data were obtained in the 
form of time series containing information about the variables mentioned above. 
The length of occupancy time variable contains information about how long the space above the detector was 
occupied. Under normal conditions, the long duration of detector occupation appears only when the vehicle is in front 
of the stop line, waiting for the green signal. When the green signal comes on, the vehicle leaves the detector, and the 
variable immediately assumes value to 0. When a variable is greater than 0 and at the same time a green signal is 
given, one can hypothesize that: the vehicle has not been able to leave the detector after the signal changed to green, 
or is not able to enter the junction because of congestion on one of the junction exits or because of an incident at the 
junction. In the case of exit (downstream) detectors, a high value of the variable may indicate congestion at the exit. 
Data from the next junction must be used to recognize whether the congestion is caused by an incident or because 
capacity has been exceeded. To verify the above hypothesis, we analyzed collected data containing length of 
occupancy time for simulations for different scenarios of traffic intensity. Data on length of occupancy time from all 
upstream and downstream detectors (occX), the status of signal groups (signY) and information on the state of the 
incident simulation (incZ) were used in analyses. Conditions regarding minimum green signal transmission time (wY) 
required to reset the variable occX were assigned for all groups of detectors related to the signal groups. Thresholds 
(pY) and outcome variables (incZ) were assigned for all signal groups. Analysis was conducted using the algorithm 
presented at Fig. 3 (X- detector group number, Y- signal group number) for each scenario of traffic intensity. For Y 
group test was performed whether the condition wY is met, if so, occX value was compared to a threshold value pY. 
If any variable occX in the group Y exceeded the threshold, the logic state of the result variable incZ received value 
of 1 (incident detection). If no variable did not exceed the threshold, logic state received value of 0 (lack of incident). 
occX values in downstream detectors group were compared directly to the threshold pYd related to occX for 
downstream detectors. Then the conditions and thresholds were calibrated so that the timing of the results notifying 
incident were in the best coincide with the distribution of the simulated incidents. Unfortunately analyses showed 
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incorrect indications of incident detection which appeared only for the highest traffic volumes (algorithm unable to 
distinguish congestion from incidents). 
It is expected that the occurrence of an incident at the junction should imply the following changes in the “average 
occupancy per second” variable: occupancy of detectors during the green signal should be higher than normal on 
entries, average occupancy should always be in the lower range of values for the exit detectors because the incident 
can reduce the number of vehicles leaving the junction. 
 
 
Fig. 3. Algorithm used to analyze the length of occupancy time. 
The average occupancy variable helps to correctly recognize all incidents (with a few exceptions of incidents at 
low traffic volumes). To identify an incident the variable was to reach a value of 1. At the highest traffic volumes, 
value 1 also appeared between incidents, which is considered false alarm, but compared to the duration of the values 
of a variable in the time during the accident, a false alarm lasted only one signal cycle every time. Therefore, during 
high volumes of traffic flow, assuming that the incident lasted at least two signal cycles, it is easy to eliminate false 
alarm occurrence. Fig. 4 shows a comparison of average occupancy indications on upstream detectors (detector 
numbers are indicated in Fig. 2a) with simulation times of incidents. In order to increase the accuracy of the 
indications, upstream detectors located on left turns were excluded, which significantly reduced the number of false 
alarms.  
If the “number of vehicles at the junction” variable for a given period of time is above zero, this means that vehicles 
enter the junction but cannot leave it, suggesting that at given point at the junction, or behind it, an incident occurred. 
Simulations showed that it is not easy to recognize incidents at the highest volumes and in periods of time without 
simulated incidents, this variable is very chaotic, which renders the variable rather useless in conditions of 
oversaturated flow. 
 
 
 
Fig. 4. Comparison of average occupancy indication with the simulation times of incidents. 
The average length of time that vehicles spend in the area of the junction between upstream and downstream 
detectors depends on the speed and distance between the detectors. The speed, however, depends on the traffic 
conditions within the junction. Under normal conditions, the speed of traffic is affected by the number of other vehicles 
passing through the junction, especially on conflict relations. It is assumed that under normal traffic conditions, the 
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speed of vehicles passing through the junction at constant flow volume will remain at a similar level. An incident 
should extend the time in which the vehicles cover the distance between the upstream and downstream detector due 
to the obstruction, which implies an incident. The speed of a vehicle can be detected using single inductive loop at 
junction entries and exits, correlation analysis of traffic volume on the inductive loop (Guo, 2006) or advanced 
algorithms that allows the re-identification of the vehicle on the junction by using its electric signature from the 
inductive loop (Sun, 2004). The average value for the total number of vehicles passing through the junction can be 
calculated by treating all upstream detectors as one entry detector and all downstream detectors as one exit detector. 
A pair of detectors defined by this simplification can calculate the average time spent by vehicles at junction. While 
an analysis of average times at the junction gives similar results to the previous one (number of vehicles at the 
junction), it is much easier to read, and even with the higher traffic volumes, most of the simulated incidents were 
detected (with no misleading values between incidents). There are cases of false alarms which rarely occur at moderate 
traffic volumes (Fig. 5). 
 
 
Fig. 5. Comparison of average occupancy indication with simulation times of incidents. 
Research will be continued with regard to variables fusion and identification of other variables that may develop 
the algorithms. In view of the different effects of different algorithms in different traffic and weather conditions, it is 
reasonable to combine different algorithms in a single incident detection method (using an inductive loops in 
TRISTAR system), combining two or more methods (e.g. method based on the analysis of traffic parameters with 
image processing methods, methods that use sensors in vehicles and road patrols methods) in order to maximize the 
efficiency of detection of road accidents. The fusion of algorithms is not a complicated task, since they use the same 
tools of detection or collect the same or similar data in comparable time periods. 
5. Conclusions 
Interviews with the fire department highlighted the advantages of incident detection systems. This is because 
witnesses or those involved in an incident are unable to report it properly or assess its impact. With no cooperation 
with the Traffic Management Center and insufficient information coming to Traffic Management Centre operators, 
the result is long-lasting disturbances in the network. Cooperation must be established between the institutions and 
the Traffic Management Centre must be included to provide accident information and undertake activities as soon as 
possible to restore normal traffic conditions. The proposed changes may reduce the severity of accidents (fewer road 
deaths and severe injuries). Observations have shown that incidents cause extended disturbances to traffic, 
a phenomenon that may be reduced in advance thanks to traffic management strategies and traveler information 
systems (incident information should be provided as quickly as possible). The process will require a lot of discussion 
and agreements will have to be signed. The dialogue has been initiated in the framework of CIVITAS DYN@MO. 
Poland’s first incident detection system on urban roads is now under way as part of Gdynia’s ITS TRISTAR system. 
It is designed to detect road accidents and unusual traffic incidents on urban artery sections (with higher speed limit). 
Because the need to detect incidents on other arteries was identified, research were undertaken that will lead to the 
development of algorithms for the detection of incidents on the streets equipped with traffic signals. The initial results 
of simulation studies (using VISSIM software) are presented in the paper. The main objective of the research was 
preliminary analysis of the variability of parameters characterizing the traffic at intersections. The analysis did not 
directly relate to traffic parameters on road sections between intersections, hence the choice of parameters (derivatives 
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of instantaneous speed of vehicles and derivatives of traffic volume) that can characterize the variability of traffic 
conditions within the individual intersection.  
Currently further analysis are undergoing that using time series and independently Neural Networks to develop 
algorithms enable rapid (within approx. 1 minute) incident detection at urban intersections. Analyses are carried out 
using real data acquired from the TRISTAR system databases. The analyzes are the first step towards developing 
a system to detect incidents in the whole street network, including intersections and sections between them under 
varying intensity of traffic on different routes. Further research will be presented in subsequent papers.  
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